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Introduction
The identification of the forces that drive stock returns and the dynamics of their associated volatilities is a major concern in empirical economics and finance. The assessment of the volatility of stock price returns and their determinants is particularly important in the Oil & Gas sector (O&G), since O&G is one of the largest industries in the world, involving different companies and business in the different chains of production, distillation and distribution. This paper extends the study of Lanza et al. (2004) and investigates the correlations of volatilities in the stock price returns and their determinants for the most important integrated oil companies, a broad class which ideally include the super majors, regional companies (US, Europe) and national companies. This analysis is particularly relevant for determining optimal hedging strategies based on whether shocks to the volatilities of returns of oil companies stock prices, relevant stock market indexes and oil spot and futures prices are high or low, and positively or negatively correlated.
We measure the actual co-risk in stock returns and their determinants within and across different oil companies, using multivariate cointegration techniques in modelling the conditional mean, as well as multivariate GARCH models for the conditional variance of the errors in the system of conditional means.
We analyze time series data on stock prices of several oil companies of different dimensions and from different countries, together with relevant stock market indexes, exchange rates and crude oil prices. We first focus on the determinants of the market value of each company using the cointegrated VAR/VECM methodology of Johansen and Juselius (1990) . Then we specify the conditional variances of VECM residuals with the Constant Conditional Correlation (CCC) multivariate GARCH model of Bollerslev (1990) and the Dynamic Conditional Correlation (DCC) multivariate GARCH model of Engle (2002) .
The paper is organized as follows. Section 2 contains a brief review of the relevant literature. The data set is discussed in Section 3. Section 4 is dedicated to modelling the determinants of the stock price returns of different oil companies, as well as their associated volatilities. In Section 5 the main empirical results are presented and discussed. Section 6 concludes.
Previous work
Several studies on stock exposures and their determinants are available in the literature. A tentative classification can be based on the types of risk factors and industries which are analyzed. It is possible to identify three broad groups of contributions. The first strand of literature evaluates the risk exposure to exhaustible resources prices for gold mining firms and oil companies. A second group of papers investigates the returns of financial institutions in relation with interest rate changes.
The last group of studies considers the sensitivity of multinational corporations stocks to exchange rate risk. Blose and Shieh (1995) examine the impact of gold price changes on the returns of gold mining stock. The authors derive a model where the gold price elasticity is related to the level of gold prices, the quantity of reserves, the cost of production and the amount of nongold activities, and the gold price sensitivity of a mining stock is grater than one. This hypothesis is not rejected using monthly data over the period [1981] [1982] [1983] [1984] [1985] [1986] [1987] [1988] [1989] [1990] for a sample of commonly traded companies. Tufano (1998) studies gold price exposures of North American gold mining firms and their determinants. Data from January 1990 to March 1994 show that gold mining stocks respond more than proportionally to gold price changes, and the exposures vary considerably over time and across firms. Strong (1991) analyses the ability of oil equities portfolios to hedge oil price risk.
In addition to the estimation of exposure coefficients of oil companies, the author constructs portfolios aimed at maximizing sensitivity to oil price changes and at diversifying away other risk. Using monthly data over the period [1975] [1976] [1977] [1978] [1979] [1980] [1981] [1982] [1983] [1984] [1985] [1986] [1987] , the oil price sensitivity of firms returns appears to be low or not significant, and on average the percentage of oil price changes offset by the returns of the hedge portfolio is only about one-third. Flannery and James (1984) analyse the effect of interest rate changes on common stock returns of financial institutions. Using a sample of commercial banks and stock savings and loan associations from January 1976 to November 1980, common stock returns are found to be correlated with interest rate changes. Cross-sectional differences in the results arise from differences in the maturity composition of nominal assets: the longer the maturity of bank's nominal assets, the larger the interest rate sensibility. Elyasani and Mansur (1998) analyse the sensitivity of banks stock returns to changes in interest rate. A GARCH-M specification is employed to investigate whether volatility is a significant factor in determining risk premia; the GARCH-M specification is extended to include the interest rate volatility effect on bank stock volatility and risk premia and to allow for shifts in the stochastic process due to changes in monetary policy regimes. This model seems to be statistically adequate on monthly data for the period 1970-1992. In particular, the degree of persistence in shocks and the effect of interest rate volatility are substantial and depend on the nature of bank portfolio and on the prevailing monetary policy regime. Jorion (1990) estimates exchange rate exposure of US multinationals over the period from January 1971 to December 1987. Statistical tests are performed to determine whether the exposure coefficients differ across firms. The hypothesis of equal coefficients is strongly rejected for multinationals, but not for domestic firms without foreign operations. The determinant of exchange rate exposure are therefore analysed and a direct relation between exchange rate sensitivity and the percentage of foreign operations is assessed. Bartov et al. (1996) consider two five-year periods around the 1973 switch from fixed to floating exchange-rates to examine the relation between exchange rate variability and stock returns volatility. A significant generalised increase in the volatility of equity returns during the second period is found. Moreover, this increase is significantly larger for US multinationals than for other US firms, and only multinationals show a significant increase in market risk corresponding to the increase in exchange rate volatility. He and Ng (1998) examine the effect of exchange rate fluctuations on stock's returns and the determining factors for Japanese multinationals. About 25 percent of the considered multinationals show positive exposure over the period from January 1979 to December 1993. The level of export ratio as well as variables that are proxies of the firm's hedging policies are found to affect exchange rate sensitivity. Exposure coefficients are smaller for firms with low liquidity or high financial leverage, and for small Japanese multinationals. Moreover, evidence is provided that industrial grouping is likely to affect hedging needs and exchange rate exposure of firms.
In summary, all the surveyed studies refer to US, except Strong (1991) , who considers the world's major oil companies, and He and Ng (1998) , who concentrate on Japanese multinational firms. From a methodological viewpoint, all authors estimate the exposure coefficients (betas) and analyse the estimated betas against their determinants. Elyasiani and Mansur (1998) extend this approach by relating bank stock returns to their conditional variance, while Strong (1991) uses the estimated betas as a first step for constructing portfolios aimed at hedging oil price risk.
Data Description
We investigate companies from several countries and with different business 
Modelling Oil Company Stock Returns and Volatility
We consider each company separately and analyze, using a VAR/VECM, the existence of long-run relations and short-run effects among the market value of the company, the difference between twelve-month futures price and spot price on Brent (SPREAD), and the relevant stock market index and exchange rate, the latter being only for non-US companies.
Although individually I(1), these series may still form one or more linear combinations which are stationary, or I(0). In this case, there are one or more long-run equilibrium relationships among the variables entering the VAR specification, which are said to be cointegrated.
The Maximum Likelihood method proposed by Johansen (1991) tests the presence of cointegration among the variables in the mx1 vector X t by determining the rank of the long-run matrix, Π. If rank(Π) =r, with 0<r<m, the matrix Π can be decomposed
, where λ is a mxr matrix of adjustment parameters and β is a mxr matrix containing the r cointegrating relations among the variables X t . The Johansen approach enables estimation of the β parameters, and to test for the number of Ι (0) linear combinations among the X t variables.
With the number r of cointegrating relationships determined, the following VECM can be estimated by OLS:
where µ 0 is a mx1 vector of constants, t = 1,…,n is a deterministic trend, µ 1 is a mx1 vector of deterministic linear trend coefficients, ε t is a mx1 error vector, and
is the rx1 vector of long-run equilibria among the X t variables.
Testing the significance of the estimated λ parameters in system (1) determines which variables can be considered as (weakly) exogenous (see Urbain, 1992) .
Specifically, the dependent variables of equations where the estimates of the λ are not statistically significant can be treated as exogenous. This enables estimation of a parsimonious conditional VECM formed from the equations of the remaining endogenous variables. Each equation is augmented by the full set of exogenous variables in terms of first-differences.
Next, we look for the presence of ARCH effects in the errors of the conditional VECM equations, using univariate GARCH(1,1) models of the type:
where i = 1,…,m, indicates the i-th equation in the VECM, and h it is the conditional variance of ε it , the error term of the i-th equation. If α i or α i and β i are significant, then ARCH or GARCH effects are present. In order for this test to be meaningful, the necessary and sufficient condition for the existence of the second moments of ε it ,
, should be satisfied, since this condition is also sufficient for the Quasi-Maximum Likelihood Estimator (QMLE) to be consistent and asymptotically normal. Jeantheau (1998) showed that the log-moment condition,
, is sufficient for the QMLE to be consistent for
If conditional heteroskedasticity is found at the single-equation level, a system approach to the analysis of non-constant conditional error variances can be used.
The time-varying behaviour of the conditional covariance matrix of the VECM errors, ( ) 1 ,..., ttmt εεε ′ = , can be described using a a multivariate GARCH model. A general expression for heteroskedastic system error terms is:
where H t is the square root of a mxm symmetric matrix of conditional variances and covariances, and η t is an mx1 vector of i.i.d. standardized errors. From expression (3), it follows that ( ) 0
, with Ω t-1 denoting the information set at time t-1.
A GARCH-type parameterization of the covariance matrix of ε t should allow H t to depend on lagged shocks ε t-q , q=1,..,Q, and on its own past H t-p , p=1,..,P. However, in this case the number of parameters to be estimated is too large and conditions for H t to be positive definite can be complicated to impose.
A model which drastically solves these problems is the CCC multivariate GARCH model of Bollerslev (1990) . In the CCC specification,
and, setting Q=P=1, the conditional variance for each return is assumed to follow the univariate GARCH process (2), that is the conditional variance of the i-th return is assumed to be independent of the conditional variance of the j-th return, i,j = 1,…,m.
In order to calculate the constant conditional correlation matrix Γ, whose typical element is ρ ij , i,j = 1,…,m, m univariate GARCH(1,1) models should be estimated with QMLE, the m standardized residuals it η calculated, and the m correlation coefficients obtained as n
If η t is not a sequence of i.i.d. random error, the assumption of constant conditional correlation is no longer valid. In order to model the time-varying behaviour of the conditional correlation matrix Γ t , Engle (2002) introduced the DCC multivariate GARCH:
where θ 1 and θ 2 are scalar parameters to capture the effects of previous standardized shocks and dynamic conditional correlations on current dynamic conditional correlations, respectively.
Empirical Results
According to the Johansen cointegration procedure outlined in Section 4, there is one cointegrating relation among the variables STOCK, SPREAD, INDEX and ER for each of the six oil companies under analysis (see Tables 1a-6a ).
The estimated adjustment coefficients in the VECM representations are reported in Tables 1b-6b . In all models, the significance of the estimated parameters λ (that is the coefficients of the variables ECT(-1)) indicates that one or two variables can be considered to be weakly exogenous in the VECM, and that the number of equations can be reduced to form a parsimonious VECM. In particular, the market index seems to be endogenous for those companies (ENI, RD, TFE) whose capitalization is large, compared with the size of the relevant stock market. The spread variable is found to be endogenous for BP, XOM, CVX and RD. Estimates of the loading coefficients which correspond to the exchange rate equations are never significant, confirming the expected exogeneity of ER. The autoregressive structure of the estimated models seems to be statistically adequate, since the null hypothesis of no residual autocorrelation is never rejected by the system LM tests reported on the bottom of Tables 1b-6b.
The univariate estimates of the conditional volatilities in the residuals of each parsimonious VECM system are given in Tables 7a-7f. The three entries for each parameter are their respective estimates, asymptotic t-ratios and BollerslevWooldridge (1992) robust t-ratios. Four companies of six have significant ARCH (1) or GARCH(1,1) effects in the residuals of all equations forming the parsimonious VECM. Oil company CVX has significant GARCH(1,1) effects in the STOCK equation only (Table 7b) , whereas oil company BP does not exhibit significant ARCH(1) or GARCH(1,1) effects in either the STOCK or the SPREAD equation.
Both second moment and log moment conditions are satisfied, so that the QMLE are consistent and asymptotically normal.
The standardized residuals from each of the estimated univariate GARCH(1,1) models are used to compute the constant conditional correlations reported in Tables   8a-8b .
The CCC presented in 
Conclusion
This paper has investigated the correlations in the stock price returns and their determinants for the most important integrated oil companies, namely Bp (BP), Chevron-Texaco (CVX), Eni (ENI), Exxon-Mobil (XOM), Royal Dutch (RD) and Total-Fina Elf (TFE).
We have measured the actual co-risk in stock returns and their determinants within and between different oil companies, using multivariate cointegration techniques in modelling the conditional mean, as well as multivariate GARCH for the conditional variances in the system of conditional means.
We have analyzed time series data on stock prices of six oil companies of different dimensions and from different countries, together with relevant stock market indexes, exchange rates and crude oil prices. We have focussed on the determinants of the market value of each company using the cointegrated VAR/VECM methodology.
Then we have specified the conditional variances of VECM residuals with the Constant Conditional Correlation (CCC) multivariate GARCH model of Bollerslev DCC for the pairs of companies with the eight highest CCC. As in the case of the "within" DCC, the wide ranges of variation suggest that the volatilities associated with stock price returns of different oil companies go from low to high/extreme interdependence. Notes: Each pair of entries is the estimated coefficient of a specific variable in a specific equation, and its asymptotic t-ratios. Entries for the Lagrange Multiplier (LM) autocorrelation test, reported at the bottom of the table, are the calculated value of the system test for residual serial correlation of order 2, and the corresponding p-value. Under the null of no serial correlation, this statistic is distributed as χ 2 with m 2 degree of freedom (where m is the number of equations). Notes: Each pair of entries is the estimated coefficient of a specific variable in a specific equation, and its asymptotic t-ratios. Entries for the Lagrange Multiplier (LM) autocorrelation test, reported at the bottom of the table, are the calculated value of the system test for residual serial correlation of order 2, and the corresponding p-value. Under the null of no serial correlation, this statistic is distributed as χ 2 with m 2 degree of freedom (where m is the number of equations). Note: The three entries for each parameter are their respective estimates, asymptotic t-ratios and BollerslevWooldridge (1992) robust t-ratios. Note: The three entries for each parameter are their respective estimates, asymptotic t-ratios and BollerslevWooldridge (1992) robust t-ratios. Note: The three entries for each parameter are their respective estimates, asymptotic t-ratios and BollerslevWooldridge (1992) robust t-ratios. Note: The two entries for each CCC are their respective estimates and asymptotic t-ratios. 
. The two entries for each parameter are their respective estimates and asymptotic t-ratios. 
